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A B S T R A C T
Using fine-scale panel data and an econometric model, we predict land use change in the Midwestern United
States if a new bioenergy crop, Miscanthus×Giganteus (miscanthus), is introduced. To explain farmers' current
crop choices, we use a local, limited dependent variable regression based on soil and weather characteristics. To
this model, we add miscanthus as a new crop, based on its place dependent BioCro model-predicted yield. We
find that the vast majority of land used to grow miscanthus will come from land now used for non-major crops,
pasture, woodland, and other uses. This implies that miscanthus can help mitigate climate change by displacing
oil usage without causing food conflict.
Concerns about energy security and climate change have led to a
variety of U.S. federal and state-level regulatory interventions designed
to reduce domestic consumption of liquid petroleum products in the
United States. One main regulatory strategy to achieve this goal is to
ramp up production of second generation biofuels via the renewable
fuels standard (RFSII).6 The RFS program, of which RFSII is the most
recent standard, requires renewable fuel to be blended into
transportation fuel in increasing amounts each year. The RFSII envi-
sions annual production of 36 billion g .allons of cellulosic biofuel in the
U.S. by 2022.7 If this standard were met solely with Mis-
canthus×Giganteus (hereafter miscanthus), it would require, according
to Scown et al. (2012), approximately 8million ha of cropland, or
12.7 million ha of Conservation Reserve Program (CRP) land and
5million ha of cropland. The potential use of large quantities of
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cropland for biofuels raises questions about the effects of this policy on
food prices. Yet if large quantities of forest, scrub, and pasture are used
to make biofuel, there will be an effect on biodiversity as well as direct
greenhouse gas emissions from the land conversion and other natural
production processes (Searchinger et al., 2008). Predicting whether
food or environment will be more likely affected by the introduction of
miscanthus is necessary for decision makers to weigh the benefits and
social costs of growing miscanthus. This paper aims to provide evidence
on the type and location of lands the market will allocate to miscanthus,
based on farmers' past crop choices and projected miscanthus yields.
In the economics literature estimating land allocation to bioenergy
crops under the RFSII, there are three main types of models: compu-
table general equilibrium (CGE) models, programming models based on
profits, and econometric models based on historical choices. The CGE
approach (e.g. Taheripour et al. (2011)) considers the whole economy
and makes all outputs and prices variable, treats land at a highly ag-
gregated level, and allocates land to different uses based on profitability
of use and a set of elasticities of substitution among land use classes. We
do not use the CGE model in this paper, so the typical CGE questions
about processor locations, by-product markets, agricultural technology,
and machinery requirements and access are not the focus of the paper,
and we assume them to be fixed as observed. We instead focus on the
spatial distribution of miscanthus and how changes in its price affect its
production, ceteris paribus.
Compared to CGE models, profits in programming models are de-
terministic and based on an engineering-economic model. This type of
model assumes that the land allocation process depends largely on local
conditions and expected profits. The underlying disaggregated ap-
proach is a model of the yield and profitability of miscanthus or other
bioenergy crops.8 This paper borrows miscanthus' average cost function
from Khanna et al. (2008), but it differs in the following way. Using
historical price, yield, and cost information, Khanna et al. (2008) cal-
culated an opportunity cost of land for food crops. Then they para-
metrically varied the price of miscanthus and found the locations where
miscanthus would be planted by comparing profitability of miscanthus
and food crops. In this paper, we explain farmers' current crop choices
first, and then simulate farmers' choices when miscanthus is added to
their choice sets. That is, we make predictions based on farmers' re-
vealed preferences instead of calculating farmers' profits.
Finally, there are models that are largely econometric. While a
model of crop choices among existing crops could be entirely econo-
metric, adding a new crop requires at least one piece of information
outside of the estimating data set. The most common way to provide the
additional information is the assumption that the new activity is very
like one of the existing alternatives. In logit, this is the assumption that
the alternative specific constant of the new activity is the same as that
of an existing activity. This paper makes a very different type of as-
sumption about the new crop, by borrowing from the programming
models of crop choice.
Our work is most similar to Anderson et al. (2012), an econometric
model based on historical choices. While some strong assumptions must
be made about the response of crop coverage to crop characteristics,
Anderson et al. (2012) provided a novel regression-based approach to
land coverage when there is a new land use. Our paper differs in the
method of adding the bioenergy crop miscanthus. In Anderson et al.
(2012), a new crop's relative shares on the landscape (apart from a
calibrated alternative specific constant) depended on crop character-
istics, estimated coefficients, and land characteristics. We instead si-
mulate miscanthus' yields with BioCro (a successor to the process-based
model WIMOVAC) and predict the land use proportion based on
varying functions of its profit.
The model developed in this paper is a new hybridization of de-
terministic and statistical modeling for the introduction of a new crop.
The advantage of this model over a pure process model is that it is
“normed” to hundreds of thousands of actual farm land use decisions
rather than being calibrated to a few plots. The advantage over the
usual ways of introducing a “new alternative” (see McFadden BART
study (1977) for a famous example) is that a process model with initial
calibration is an improvement over assuming that a calibrating constant
(alternative specific constant in McFadden) is the same as the constant
in an existing alternative.
This paper includes most relevant variables discussed in previous
crop coverage literature but differs by using fixed effects to account for
many unobservable variables. We use year fixed effects to account for
prices, government programs, input prices,9 and other variables that are
common to all farmers; we use crop fixed effects to account for risk and
other time-invariant variables; and we include an interaction term for
heat and moisture to count for that higher temperature may reduce
yield further when it is combined with less moisture (Lobell et al.,
2011).
This paper also contributes to literature on biofuel crops in making
use of direct observation of fine-scale crop coverage data. The paper
utilizes the NASS Cropland Data Layer and matches this data to both
soil and weather data at a resolution of 4×4 km, much finer than the
county-level regressions common in agricultural land use studies. The
crop coverage is defined as the land share covered by a crop in a
4×4 km grid cell. Both the average condition and the heterogeneity of
soil in a cell are explored in a set of soil variables. The detailed in-
formation on temperature and precipitation are explored in a set of
weather variables. These fine-scale data provide information critical for
studying farmers' crop decisions. The data also make possible local
moving regressions, which are used in this paper to address the spatial
correlation in the model of land use shares for existing crops.
The logic of our crop share model is that crop choice is determined
by profits; profits are determined by prices, yields, and costs; and these
in turn are determined by soil, weather, and prices. So the reduced form
model for crop choice is a regression of crop coverage (e.g., percent
land in a crop) on a yearly indicator (accounting for prices), soil and
weather, as well as lagged crop coverage as in Nerlove (1956). The
model is used to explain historical crop coverage in six Midwestern
states. The bioenergy crop miscanthus is then added to the model by
creating its profit function from estimates of yield and cost. Finally, the
model is calibrated to the production of 100million t (Mt) of mis-
canthus within our study area, proportional to the scale of production
mandated by the RFSII.
We find that the simulation results heavily allocate land to mis-
canthus where miscanthus yields are high; increasing price, ceteris
paribus, increases supply and high prices do lead to appreciable di-
version of major amounts of cropland to biofuel uses. However, unless
the miscanthus price is sufficiently high and the dependence of costs on
yield is low, miscanthus is likely to compete for land more with forests
and pastures, which are important to the environment, than with major
food crops including corn, soy, and rice. This implies that growing
miscanthus will likely bring environmental costs rather than an ap-
preciable increase in food prices.
The remainder of the paper is organized as follows. We first
8 A partial list of the previous relevant literature adopting profit-based models
includes Khanna et al. (2008), Khanna et al. (2011), Rosburg and Miranowski
(2011), National Academy of Sciences (2011), Chen et al. (2014), Elliot et al.
(2014), and Scown et al. (2012).
9 As we will present in the section on modeling, the year fixed effects are used
in estimating farmers' choice on existing crops only. We would not be able to
find the effect of a change in support policies or prices of existing crops. But the
goal of paper is to analyze the effect of government policies on miscanthus and
this goal can still be reached, because we simulate miscanthus' land shares
based on the estimated choice function and a profit function of miscanthus,
rather than by a fixed effect. When miscanthus price increases (for example, due
to government's subsidy on miscanthus), the value of the profit function
changes, and the simulated land shares change accordingly.
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summarize the data on land use, soil conditions, weather, and mis-
canthus yield for the states along the Mississippi-Missouri River cor-
ridor, in Section 1. Next we describe estimation issues and establish the
econometric system, in Section 2. Then we present the estimation re-
sults in Section 3, describe how miscanthus is added to the system, and
simulate the spatial distribution of miscanthus in Section 4. Finally, we
conclude in Section 5.
1. Data
This paper uses four major data sets on land use, soil characteristics,
weather, and miscanthus yield simulated from the BioCro model. The
primary data set is created by matching these four fine-scale geospa-
tially-explicit data sets on a 4 km by 4 km grid. The states included in
this analysis are those along the Mississippi-Missouri River corridor for
which there are land cover data from 2000 through 2010: Wisconsin,
Iowa, Illinois, Missouri, Arkansas, and part of Mississippi. The first
three data sets are similar to those analyzed in Xie et al. (2018), with
the difference that only parts of Missouri and Arkansas were included in
the previous study, because complete data for those states became
available later. Summary statistics are provided in Table 1. Each vari-
able in the table is described in detail below.
1.1. Land use
Land use data is derived from the Cropland Data Layer, provided by
the USDA NASS. We define the share of major crops as the area of major
crops divided by the area of agricultural land. Agricultural land is de-
fined broadly as crop, pasture, idle, forest, etc., including all land ex-
cept bodies of water and urban areas. We assume that the water and
urban coverages are constant and do not discuss them further in this
paper. Within the broad agricultural category, we explicitly model
major croplands, which include lands growing corn and soybean for
Wisconsin, Iowa, and Illinois, and corn, soybean, rice, and cotton for
Missouri, Arkansas, and Mississippi. The remaining category is “other”
land, which includes wild land, pasture, forest, etc.10 Fig. 1 shows the
shares of major crops and the “other” land in our study area.
1.2. Soil characteristics
Soil data are derived from the USDA's U.S. General Soil Map
Table 1
Summary statistics.
Variable North South
Mean St. dev. Min Max Mean St. dev. Min Max
Dependent variable: Area shares (%, from 2001 to 2010) (Obs= 256,575 cell year) (Obs= 142,830 cell year)
Corn 27.5 19.6 0.0 98.3 2.0 5.6 0.0 82.8
Soy 20.9 16.2 0.0 100.0 9.9 16.7 0.0 95.5
Rice – – – – 3.2 8.7 0.0 100.0
Cotton – – – – 3.8 10.9 0.0 98.2
Land use (ha, from 2001 to 2010) (Obs =257,965 cell year) (Obs= 154,275 cell year)
Corn 402.4 300.6 0.0 1479.3 29.7 87.4 0.0 1447.6
Soy 307.3 248.6 0.0 1407.8 148.4 266.2 0.0 1641.6
Rice – – – – 49.2 138.9 0.0 1368.8
Cotton – – – – 57.4 172.1 0.0 1690.0
Agricultural 1416.8 261.5 0.0 1711.3 1502.2 479.5 0.0 1845.9
Crop yield (Obs= 27,333 cell) (Obs= 15,493 cell)
Miscanthus (t/ha, average from 2001 to 2010) 22.61 4.13 6.87 30.36 24.03 3.62 8.89 34.28
Weather variables
Planting season (April through June from 2002 to 2010) (Obs= 711,873 cell month) (Obs= 416,307 cell month)
Temperature (daily average, Celsius) 15.18 5.04 2.64 27.59 21.09 3.81 11.73 28.93
Precipitation (monthly average, CM) 10.26 3.91 1.45 37.16 12.14 3.61 2.09 28.54
Growing season (April through November from 2001 to 2009) (Obs= 1,844,784 cell month) (Obs= 1,110,248 cell month)
Temperature (daily average, Celsius) 15.19 6.55 −2.39 28.92 21.00 5.29 5.67 30.41
Precipitation (monthly average, CM) 9.00 4.15 0.15 33.31 10.89 3.66 0.50 28.61
Soil condition (Obs= 27,418 cell) (Obs= 15,506 cell)
Percent of land in Class 1 (%) 0.5 5.2 0.0 100.0 0.9 7.5 0.0 100.0
Percent of land in Class 2 61.8 42.8 0.0 100.0 24.9 35.8 0.0 100.0
Percent of land in Class 3 21.8 34.3 0.0 100.0 28.1 38.6 0.0 100.0
Percent of land in Class 4 4.9 18.4 0.0 100.0 6.4 20.9 0.0 100.0
Percent of land in Class 5 5.6 19.7 0.0 100.0 4.0 17.5 0.0 100.0
Percent of land in Class 6 5.1 18.9 0.0 100.0 28.6 40.3 0.0 100.0
Percent of land in Class 7 0.2 3.1 0.0 100.0 7.0 19.9 0.0 100.0
Percent of land in Class 8 0.1 2.7 0.0 100.0 0.1 2.7 0.0 99.2
Percent clay (%) 23.1 9.0 0.0 57.7 29.1 10.3 0.4 62.9
Percent sand (%) 31.4 22.5 0.1 95.3 28.6 13.6 0.1 84.6
Percent silt (%) 44.5 15.7 0.0 73.6 41.7 12.8 0.5 73.6
Water-holding capacity 0.17 0.03 0.00 0.45 0.15 0.03 0.00 0.25
pH value 6.31 0.63 0.02 7.70 5.45 0.68 0.06 8.00
Slope 4.60 5.00 0.01 48.00 8.82 7.53 0.05 25.40
Electrical conductivity 0.01 0.07 0.00 1.00 0.01 0.23 0.00 9.80
Frost-free days 151.03 29.13 0.00 213.75 206.32 58.18 0.00 302.70
Depth to water table 71.32 43.72 0.00 201.00 69.66 32.77 0.68 201.00
Depth to restrictive layer 172.43 48.87 3.30 201.00 165.40 53.71 18.00 201.00
Notes: North includes the three northern states (Wisconsin, Iowa, and Illinois) and South includes the three southern states (Missouri, Arkansas, and Mississippi). We
distinguish them because they have very different major crops. Corn and soy are the major crops in the North, while rice and cotton are the major crops in the South.
10 We originally intended to explicitly model some of the other land uses;
however, the underlying data have large standard errors in classification, which
would make such modeling very speculative.
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(STATSGO2). According to the official website, the approximate
minimum area delineated is 625 ha (1544 acres) and the data was
mapped at a 1: 250,000 scale. Soil variable averages are spatially
weighted from irregular polygons for each grid cell. The irregular
polygons allow for flexibility for data that varies continuously across a
landscape but is represented by discrete boundaries that are intersected
by our regular grid. The spatial averaging of the irregular polygons
allows for a better representation of the soil statistics within the fixed
grid in which we work in this paper.
We focus on two types of soil variables. One is underlying soil data,
and the other is Land Capability Class (LCC), a classification system
generated by the USDA. Underlying soil data, including percent clay,
sand, and silt, water-holding capacity, pH value, electrical conductivity,
slope, frost-free days, depth to water table, and depth to restrictive
layer. The LCC integer scores increase from one to eight, with higher
LCC classifications signifying more limitations on the land for agri-
cultural production.
The distribution of LCC levels is shown in Fig. 2. Reviewing this
together with Fig. 1, we see that fertile soils spread in Iowa and Illinoi
and hug the river in Missouri and Arkansas, and so do the major crops.
1.3. Weather variables
Weather variables include temperature and precipitation at daily
level, which are processed by Schlenker and Roberts (2009) from the
PRISM data sets and provided at a 4 km by 4 km spatial resolution.
Given that farmers make crop choice in planting season based on the
observed weather condition in the planting season and also the ex-
pected weather condition in the following growing season, we include
two time periods for each crop year. The first period data is for the
planting season, which we define as the time-period from April to June.
The second period data is for the past growing season, used as a proxy
for expected weather. Past growing season is defined as the time period
from April to November11 in the last year.
Fig. 3 shows the observed weather during the planting seasons from
2002 through 2010 and growing seasons from 2001 through 2009,
which is one year before the planting season, because we use past
growing season in the regressions.
Instead of directly putting the temperature variable in the regres-
sions, we use the degree day bins of each month in the planting season
and the past growing season. Degree days are used to approximate the
amount of heat is in a certain bin, and calculated by a fitted sine curve
(Baskerville and Emin, 1969). We limit the number of classifications of
temperature to those at critical thresholds identified in Schlenker and
Roberts (2009).
1.4. Simulated miscanthus yield
The miscanthus yields that we use in this paper are produced using
the R package BioCro, a semi-mechanistic dynamic crop growth and
production model. The model and its calibration, described in Miguez
et al. (2009, 2012), are based on levels of solar radiation received by
the discrete layers of plant canopy, taking into consideration leaf
photosynthesis capacity, phenology, and partitioning of dry biomass
into different plant organs. The model is run at hourly time steps using a
4 km square gridded soil database. For each 4 km square, soil variables
include field capacity, wilting point, available depth, and initial soil
Fig. 1. Land use along the Mississippi-Missouri River system.
Notes: The land use shares displayed are average shares of corn, soy, rice, cotton, and “other” land over 2001 through 2010. The north half part of this graph is the
same as Fig. 1 in Xie et al. (2018), because of the same data source.
11 The planting season and the growing season are not the same across states.
The start of a growing season is earlier in southern states than in northern
states. We use April as the start of the growing season even though planting
starts later in some of the states studied in this paper, so that we can cover the
early growing season to avoid an omitted variable problem, at the potential cost
of lower efficiency caused by including irrelevant variables for the northern
states.
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moisture; weather variables include precipitation, solar radiation, wind
speed, temperature, and relative humidity, derived from the corre-
sponding North American Regional Reanalysis (NARR) grid. The si-
mulated yield is the rain-fed12 end-of-growth-season harvestable bio-
mass.13
Fig. 4 shows the simulated miscanthus yield14 along the corridor.
Compared with Figs. 1 and 2, we see that most of the places with high
miscanthus yield are where the soil is good and corn share is high.
Southern Mississippi is the obvious exception, with high miscanthus
yield and low corn shares.
2. Econometric model
In this section, we model farmers' crop choices, and then add mis-
canthus as a new crop into their choice sets.
Assume that there are M major crops, and farmers make crop
choices for each hectare with the rule that the crop i with the highest
profit (πint) will be chosen. πint can be decomposed as Vint+ dint, where
Vint is a function of variables that affect profit and are observable to the
researcher, and the parameters of the function can be estimated sta-
tistically; dint is a function of the factors that affect profit but are not
included in Vint. Within each of the 4 km squares, n, we observe the
fraction of land in year t that was allocated to a crop i: Sint. The fraction
of land in year t that was allocated to “other” use (e.g., minor crops,
forest, pasture, etc.) is the alternative zero, denoted as S0nt, and
therefore + ==S S 1nt iM int0 1 . We model the fraction of the crop chosenin a square using a proportion type model:= + … +S V d V d(( ), ,( ))int i nt nt Mnt Mnt1 1 (1)
where ϕi() is a suitable transformation with its domain on the unit in-
terval. All crops' profits are in the function, because farmers make
choices by comparing across profits of all crops. Following Xie et al.
(2018), we use a ratio transformation to simultaneously deal with the
additive constraint and a great number of zero shares, and we get:
= +S
S
V dint
nt
int int
0 (2)
Eq. (2) is the form of our estimating equations. We estimate the crop
coverage shares described in Eq. (2) by a limited dependent variable
regression, a generalization of Nerlove's (1956) classic estimating
equations. Based on the estimation, we predict Vint. We will discuss the
regression specification in detail in the next section.
To find the implied shares as a function of the independent vari-
ables, we sum the share ratio Sint over i and solve for S0nt and Sint:
= + +=S V d11nt jM jnt0 1 jnt (3)
= ++ +=S V dV d1int int ntjM jnt nti1 j (4)
To add a new alternative (b) to the choice set, the share of a crop
Fig. 2. Geographical distribution of Land Capability Classification levels.
Notes: The Land Capability Class score increases as the soil quality decreases.
Because of the same data source, the north half part of this graph is the same as
Fig. 2 in Xie et al. (2018).
12 We assume in the BioCro model that miscanthus will be grown only under
rain-fed conditions, because miscanthus is a very robust crop which does not
need many inputs such as fertilizer, pesticides, irrigation etc. (e.g., Dwivedi
et al., 2015; Christian et al., 2008; Heaton et al., 2008; Khanna et al., 2008).
Besides, food crops generally have higher priority for irrigation in comparison
to energy crops, and therefore irrigation resources would be diverted to land
used for the production of food, rather than energy crops.
13 This is significantly less than maximum biomass and accounts for losses
while waiting for harvest. In addition, given that miscanthus is perennial, a
rotation period of 15 years is typically considered to have little effect on the
yield, but rotation length would be eventually determined by improvement in
technology and agronomy practices (Hudiburg et al., 2015).
14 As with all experimental crop data, there are caveats. Experimental fields
are more carefully managed and controlled than farmers' actual fields, but these
conditions are not necessarily profit-maximizing. Experimental fields do not
show the full extent of potential insect and disease problems. On the other
hand, experimental results could understate the results for full-scale producers,
because farmers eventually will find unforeseen ways of increasing yields and
profits. The role of nutrients and fertilization is not explicitly modeled in the
BioCro model, because there are conflicting findings in experimental studies on
(footnote continued)
miscanthus' yield response to N fertilizers (e.g., Himken et al., 1997; Clifton-
Brown et al., 2007; Christian et al., 2008; Arundale et al., 2014), and there is
insufficient data to provide an optimal nitrogen application recommendation
(Cadoux et al., 2011). The calibration of the BioCro model uses observations
from experimental fields where the same type and the same level of inputs (e.g.,
fertilizer, pesticides etc.) are provided. As a consequence, when we simulate
miscanthus shares in a later section, we implicitly assume that farmers input the
same amount of fertilizer, pesticides, etc. This assumption is acceptable for our
research purpose, because we focus on how the spatial variation in soil and
weather will affect the spatial distribution of miscanthus, holding other factors
(e.g., farmers' characteristics) the same across location. In addition, the role of
atmospheric N deposition is not explicitly modeled. Atmospheric N deposition
rates of 4 to 25 kg per ha per year are reported for grassland across multiple
sites globally (Gomez-Casanovas et al., 2016). Keymer and Kent (2014) re-
ported that about 16% of new plant nitrogen in the first year of miscanthus'
plantation was derived from nitrogen fixation. The long-term productivity of
miscanthus is likely to be maintained without N fertilization because N supplied
by atmospheric deposition and free-living N fixation can keep pace with N re-
moved with biomass harvest.
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becomes
= ++ + + +=S V dV d V d1bnt bnt ntbnt nt jM jnt ntbb 1 j (5)
and
= ++ + + +=S V dV d V d1int int ntbnt nt jM jnt ntib 1 j (6)
In our case, the variance of the profits could be different for existing
crops and the new crop. To normalize the scale of profit, we normalize
the variance of the error terms (Train, 2009).
We denote the ratio of variances as k (known as a scale parameter,
Train, 2009), then the model is rewritten as
= ++ + + +=S k V dk V d V d( )1 ( )bnt bnt ntbnt nt jM jnt ntbb 1 j (7)
Fig. 3. Weather conditions.
Notes: The value of average temperature in a season is obtained by taking the average of daily temperature of all days in that season; and the value of average
monthly precipitation in a season is obtained by summing up daily precipitation in a month, and then taking the average of monthly precipitation of all months in
that season. The north half part of this graph is the same as Fig. 3 in Xie et al. (2018), because of the same data source.
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= ++ + + +=S V dk V d V d1 ( )int int ntbnt nt jM jnt ntib 1 j (8)
As described in Eqs. (7) and (8), the simulation of coverage shares
after adding the new crop depends on the estimation of Vint, Vbnt, and
the scale parameter k. For the existing crops, we observe the crop
shares, So Vint can be estimated from Eq. (2). For the new crop, we do
not observe its share of the market, but we observe its yields on ex-
periment fields. Therefore, we use a process model for yield and an
engineering economic model of cost and price to construct the profit-
ability of the new crop, πbnt, which is Vbnt+ dbnt. In this way, k also
takes care of the scale issue caused by the fact that the profits of existing
crops and the new crop are estimated in different systems. We will
discuss the construction of πbnt and the calibration of k in the section on
simulation.
3. Estimation for existing crops
In this section, we estimate Eq. (2), which states that crop choice
depends on the profitability of growing crops.
First, we consider which explanatory variables Vint can depend on.
To follow the literature,15 we include as explanatory variables lagged
crop shares, lagged substitute crop shares, weather in the current
planting season and the last growing season, and soil conditions. In
addition, we include the interaction term of heat and moisture, year
fixed effects, and crop fixed effects. As in Xie et al. (2018), the re-
gression specification is as follows:
= + + + + +
+ + + + + +
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where SSint−1 is a vector of substitute crop shares planted in year t−1;
Soiln is a vector of soil conditions, including all the soil characteristics
described in the data section; GDDnt−1 is a vector of degree days by
month in the last growing season, and the critical temperatures are
10 °C and 15 °C (10 °C is the base temperature limit of rice, corn, and
soybean development, while 15 °C is the base temperature limit of
cotton development); PDDnt is a vector of degree days by month in the
current planting season, and the critical temperatures include 10 °C,
15 °C, 20 °C, 25 °C, 29 °C, and 32 °C (temperatures higher than 29 °C are
harmful to corn, 30 °C to soybean, and 32 °C to rice and cotton
(Schlenker and Roberts, 2009)); GPnt−1 is a vector of precipitation by
month in the last growing season; PPnt is a vector of precipitation by
month in the current planting season; PreDDnt−1 is a vector of inter-
actions of degree days above 30 °C and the inverse of precipitation le-
vels in the same month; μt is year fixed effects; αi is crop i's fixed effects,
and dint is the error term.
Second, we consider which econometric model to use. Following Xie
et al. (2018), we adopt a Tobit model to deal with a great number of
zero shares, and estimate Eq. (2) by moving local regressions to deal
with the spatial correlation problem in the estimation. The spatial
correlation can be addressed by a moving local regression, because the
coefficients, including the constant, are free to vary across the land-
scape. In addition, by the local moving regression, yearly dummies vary
across counties and therefore, geographic price variation is accounted
for.
At last, we run separate regressions (Eq. (5)) for each crop and each
county. One separate regression is estimated for one county, using data
from squares in this county and its neighboring counties. Following Xie
et al. (2018), we define neighbors of a county to be counties whose
centroids are within 70 km of the centroid of this county. Therefore,
each regression has about 900 squares (one county for itself, and eight
county neighbors) for nine years. In sum, we have 1112 sets of esti-
mates (445 counties; two main crops for the northern states and four
main crops for the southern states).
The results of the F-tests on the significance of soil, precipitation,
and degree days are shown in Table 2. Temperature is significant at the
1% level for 89% or more of the regressions in all crops. Soil is sig-
nificant at the 1% level for proportions ranging from 76% of the re-
gressions for rice and 93% for corn. Precipitation has the lowest percent
of regressions that are significant, from 62% for rice to 77% for soy.
Rice covers only about 4% of the land in the southern states, while the
“other” category (land for other use) covers about 80% of the land. It is
not surprising that the coefficients for rice are not statistically sig-
nificant as often, given that the dependent variable is the ratio of rice
share to the share of other land use. In a linear probability model, using
only rice share, all coefficient groups are significant, so the lack of
significance is likely because of the inability to predict the category of
“other” land use. Cotton covers a small portion of land as well; how-
ever, cotton responds more strongly than rice to weather. Therefore, the
coefficients are significant in the regressions for cotton while they are
not in the regressions for rice.
Fig. 4. Simulated miscanthus yield.
Notes: Miscanthus yield is predicted using the R package BioCro. The model
predictions are matched to the 4 km square grid used for the rest of the data.
15 A short list of the related literature includes Askari and Cummings (1977),
Braulke (1982), Choi and Helmberger (1993), Nerlove and Bessler (2001),
Huang and Khanna (2010), Hausman (2012).
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4. Simulation for the new crop: miscanthus
In this section, we first construct the profitability of the new crop
miscanthus (πbnt), by using a process model for yield and an engineering
economic model of cost and price. Together with the value of Vint,
predicted after the estimation in the last section, we calibrate the model
by finding the value of k. Then, we simulate the spatial distributions of
miscanthus and the existing crops with the calibrated model (Eqs. (7)
and (8)).
To construct πbnt, we follow Khanna et al. (2008) and assume the
average cost of growing miscanthus ac= a− b ∗ yield, so profit of
growing miscanthus πbnt= yield ∗ (p− a+ b ∗ yield), which is quad-
ratic in yield.16 The parameter b in the cost function arises because the
cost per ton falls when there are more tons per hectare. This is a usual
feature of farming, as many operations depend on how much ground is
cultivated with implements rather than how much yield is ultimately
produced. Different crops, however, have different cost sensitivities to
output. Miscanthus, having high bulk relative to its value and therefore
high costs of collection, should have a particularly high b. As a result, its
profits quickly increase in yield and, if it is grown at all, it is likely
grown where its yields are high and other crops' yields are low. This
will be borne out in the simulations below. Based on Table 6 in Khanna
et al. (2008), the average cost of producing miscanthus dry matter is
54.72−0.35 ∗ yield+0.049 ∗ 192.76, where 192.76 is the average
opportunity cost of land. Therefore kΠbn2010 in Eqs. (6) and (7) is
k ∗ yield ∗ (p− a+ b ∗ yield), where a=54.72−0.049 ∗ 192.76,
b=0.35 and from the same source p=50.17 We call this the baseline
scenario.
With the cost function and the price for miscanthus, we then cali-
brate the scale parameter k. The method is to find miscanthus' share in
each 4 km square and add these shares together to get a production of
100Mt under the price of $50/t, using the formula for new crop shares,
Eq. (8). 100Mt production and a price of $50 are used in the calibra-
tion, because according to Khanna et al. (2008), with the same cost
function, the production in our study area is about 100Mt when the
price is $50.18
Besides the profitability of the existing crops (Vjnt), which has been
projected from the estimation of Eq. (9), and the profitability of mis-
canthus (πbnt, which is described as Vbnt+ dbnt in Eq. (8), and has been
calculated from πbnt= yield ∗ (p− a+ b ∗ yield)), Eq. (8) also depends
on the error terms from the regressions, djnt. In order to get shares
averaged over these regression residuals, we simulate djnt (j=1,… , M)
by drawing from a left truncated normal distribution with mean 0, the
regression estimated standard deviation σjnt, and truncation point at
−βj ′ Xjnt, where βj ′Xjnt is the deterministic part of Eq. (9):
αj+ βjSjnt−1+ γj ′ SSjnt−1+φj′Soiln+ θ1j′GDDnt−1+ θ2j′PDDnt+ θ3j
′GPnt−1+ θ4j′PPnt++ θ5j′PreDDnt−1+ μt. Given a value of k, we
calculate Sjnt and Sbnt for each draw from the distribution and take the
average over the draws. The average of the shares over draws is the
reported share. The number of hectares in the square planted in mis-
canthus is then multiplied by the predicted yield of miscanthus for that
square given by the BioCro model to get the tons of miscanthus by
square. Those are then summed over squares to get the total tons. The
process is repeated for different k, by trial and error, until the total tons
were equal to 100Mt. The parameter k is found to be 0.00214.
Once the scale parameter k is calibrated, the model is calibrated,
and therefore the choice rule is identified. With the revealed choice
rule, we finally simulate the spatial distribution of miscanthus and the
existing crops, using Eqs. (7) and (8).
We make the simulation in several scenarios. In the baseline sce-
nario, the cost function follows Khanna et al. (2008) and the price of
miscanthus is $50 dollars. In the scenarios with different cost functions,
k holds unchanged because the revealed choice rule is unchanged, and
price is adjusted to keep total output at 100Mt in order to exclude the
output enhancing effect of the quadratic form in the cost function.
4.1. Baseline scenario
Fig. 5 shows the land use change caused by adding miscanthus to
the landscape for the base case. The first panel of Fig. 5 shows where
miscanthus is grown. In the north, it is patchy: these areas include
southern Wisconsin and the adjacent part of Illinois, and the areas of
southern Iowa and southern Illinois, south of the better soil types. In the
south, the areas for growing miscanthus are away from the Mississippi
River, again not on the better soil types, and it is heavily grown in the
Table 2
F-tests for soil, precipitation and temperature.
Corn Soy Rice Cotton
Regressions with 1% significance level
Soil 93% 88% 76% 84%
Precipitation 76% 77% 62% 74%
Temperature 92% 89% 89% 97%
Regressions with 5% significance level
Soil 94% 91% 81% 91%
Precipitation 83% 84% 75% 82%
Temperature 93% 92% 89% 97%
Regressions with 10% significance level
Soil 94% 92% 87% 91%
Precipitation 87% 88% 78% 87%
Temperature 94% 92% 89% 97%
Number of regressions in total 413 408 134 159
Notes: Separate regressions are run for each crop and each county. Corn and soy
regressions are for counties in the six states along the Mississippi-Missouri River
corridor (445 counties), while rice and cotton are for counties in the three
southern states (172 counties). Some counties do not grow a certain crop in all
years and neither do their neighbors. The regression of that crop is not run for
those counties. This leads to 413 regressions for corn, 408 regressions for soy,
134 regressions for rice, and 159 regressions for cotton. Soil includes the LCC
and the raw soil characteristics. Precipitation and temperature include pre-
cipitation and weather variables, respectively, in the current planting season
and the last growing season.
16 In the miscanthus yield model (BioCro model), the yield is projected for the
condition that the input cost is held constant across space. Therefore, the re-
lation between the projected yield and profit is constant across space. The
quality of land is reflected in the projected yield, instead of in the cost. For low-
quality land, with the same cost, the yield will be low, therefore the profit will
be low as well.
Results from experiment fields with the same input cost can be applied to
actual farming because, as we mentioned in the data section, miscanthus is a
very robust crop that has low input requirements. Miscanthus is able to recycle
nitrogen by sending nitrogen from the above-ground to the below-ground part
of the rhizome at the time of harvest, and the same nitrogen is utilized for the
next growing season (Somerville et al., 2010). The low (or no) nitrogen ferti-
lizer requirement is the reason why it is so attractive as a biofuel feedstock.
As for irrigation, since the yield simulation results are only for rain-fed
conditions, there is no cost associated with irrigation. Therefore, the simulated
land share of miscanthus on irrigated area will be the same as that on non-
irrigated areas if the two areas have the same soil characteristics and weather
conditions. Even if regular irrigation improves the quality of the land (e.g., soil
moisture), the effect of irrigation on land allocation is implicitly reflected in the
land share simulation, since the simulation explicitly models the role of land
quality.
17 Khanna et al. (2011) estimated about 100Mt miscanthus production in the
Midwest at a price of $50/t (2007 value. US dollars in this paper are all in 2007
values). This price falls within the range of farm-gate breakeven price estimated
in Khanna et al. (2008) for Illinois counties, which is $41 to $58/t.
18 According to Khanna et al.'s (2011) simulation results, when the cost of
cellulosic feedstock production is low (their scenario 1), at a price of $50/t,
27% of the total miscanthus produced (352Mt) will be in the Midwest (12
states). Here we assume all miscanthus is produced in the six states studied in
this paper.
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south of Mississippi. The latter area is characterized by conifers, grass,
pasture, and woody wetlands. Much of it also has good soils. The first
two columns of Table 3 show the change in land use incident to the
growing of miscanthus. There is a much bigger allocation of land to
miscanthus in the southern states, the displacement of major crops is
minimal, and the displacement mostly comes from the “other” land
category, including trees. To summarize, the biofuel crop competes
primarily with extensive rather than intensive land uses, including fiber
production and uncultivated areas in the base case.
Next, we find the supply curve of miscanthus under the baseline
scenario by simulating production with different prices. As we increase
price p, profit π increases in each square and so does the share of
miscanthus. Fig. 6 shows the supply curve in terms of millions of tons of
miscanthus produced at prices between $45/t and $100/t. At $45/t,
output is near zero. From $50/t to $60/t, output increases quickly. The
arc elasticity of supply is 7. As price increases further, the supply curve
becomes steeper. From $80/t to $90/t, output increases more slowly
and the arc elasticity of supply is 0.8. The decrease in elasticity comes
from the modeling of land shares of miscanthus. As shown in Eq. (7),
when profit of growing miscanthus increases, land share of miscanthus
increases at a decreasing rate. As for the type of land converted to
miscanthus, Table 3 shows that, as price increases, miscanthus takes
more land from corn and soy in the north as well as land currently
occupied by non-major crops, pasture, forest, etc., in both north and
south. At a price of $100/t, more than 10% of land is converted from
corn to miscanthus in the north.
4.2. Scenarios with different cost functions
The profitability of growing miscanthus varies with changing cost
Fig. 5. Spatial distributions of predicted miscanthus shares and changes of crop shares under the baseline scenario.
Notes: At the baseline scenario, the sensitivity of average cost to yield b is 0.35, price is $50/t, and the scale parameter k is calibrated to produce 100Mt miscanthus.
A −20% change reported here means corn share (for example) decreases from a to a−0.2.
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Fig. 6. Supply curve of miscanthus under the baseline scenario.
Notes: As we increase the price of miscanthus and keep unchanged the relationship between average cost and yield (coefficient b in the average cost function of
growing miscanthus) and the scale parameter k (see Eq. (7)), profit of growing miscanthus increases in each square and so does the share of miscanthus.
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functions. To examine how important the quadratic term is in the cost
function, we parametrically vary b. If all that were changed were b, then
as b increases so would the shares in all squares and so would the total
amount of miscanthus. To see just the locational and not the output
enhancing effect of b, we create scenarios where p has been adjusted to
keep total output at 100Mt. That is, in this section, we investigate the
land use change if 100Mt of miscanthus is produced in three other
scenarios with cost not reacting to yield (b=0), cost less sensitive to
yield (b=0.5 ∗ 0.35= 0.175), and cost more sensitive to yield
(b=1.5 ∗ 0.35=0.525).
Table 4 shows the results for the four scenarios, with scenario 3
being the base case, which is listed again for comparison. Panel A of
Table 4 shows the results in terms of land use change in thousands of
hectares. The first scenario, where b=0, results in a total of
4306 thousand ha of miscanthus, which displace 179 thousand ha of
corn and 153 thousand ha of soy, 42 thousand ha of rice and cotton, and
3932 thousand ha of land in other uses. The vast majority of all land
used to newly grow miscanthus comes from land previously used for
non-major crops, pasture, woodland, etc. in both north and south. For
scenarios in which b is greater than zero, land used for miscanthus
decreases from 3816 thousand ha to 3710 thousand ha, as b increases
from 0.175 to 0.525. With a higher b, higher yield land is selected, and
so less land is used to make the same 100Mt. There is also a distinct
shift of miscanthus hectares to the south when b increases.
Panel B of Table 4 shows the results in terms of land use shares.
Starting with the first column, when b is zero, the results are that
miscanthus occupies 4.49 and 11.12% of the land in the north and
south, respectively. The decreases in corn and soy are 0.59 and 0.46%
of total land use in the north and south, respectively. The decrease in
rice and cotton in the south is 0.18%. The decrease in land in other uses
is 3.90 and 10.48% in the north and south, respectively. In this sce-
nario, the miscanthus hectares come primarily from the other uses and
have a slightly greater impact in terms of shares in the south. As b
increases, we see that (1) miscanthus occupies smaller shares of land in
the north and larger shares of land in the south; (2) smaller shares of
corn and soy land are diverted; (3) a nearly unchanged share of rice is
diverted; (4) a larger share of cotton land is diverted; and (5) less
“other” land is used for miscanthus and southern land is increasingly
used.
The reason for the selection of different land in the scenarios is the
relative weighting of price and cost. The model chooses land with the
desirability of miscanthus dependent on π= k ∗ yield ∗ (p− a+ b ∗ yield).
An increase in b leads to an increase in π on every 4 km square and hence
to an increase in the total quantity of miscanthus grown. So, to keep the
quantity of miscanthus constant at 100Mt, it must be that an increase in b
leads to a decrease in p. A decrease in price makes π more dependent on
the cost per ton of miscanthus, which is less on better yielding ground.
Therefore, more ground with a high yield will be chosen. Fig. 7 shows this
effect in terms of yield. Each dot on the figure represents one of the 4 km
squares. When b=0, land is chosen at all yields above 10 t/ha, while with
b=0.525, nearly all the chosen land has 25 t/ha or more. Moreover, there
is a steep upward pattern in the graph showing that, as yield increases,
more and more of the square with higher yield is used for miscanthus.
Finally, we plot supply curves for the four cases of b. As expected, an
increase in b shifts the supply curve outward. The second curve from
the bottom is the baseline case and it goes through the point where
p=$50, production= 100Mt. To get an output of 100Mt in the
b=0.525 scenario, the figure shows that the price would only need to
be $41.6. Overall, Fig. 8 shows that the supply curve is sensitive to the
estimation of b.
5. Conclusion
Growing a bioenergy crop can compete directly for land with crops
Miscanthus yield
Miscanthus yieldMiscanthus yield
Miscanthus yield
Fig. 7. Scatter plots of miscanthus hectares by yield in 4 km squares for four scenarios each producing 100Mt of miscanthus.
Notes: As the coefficient b in the average cost function increases, the average cost of growing miscanthus decreases, profit increases, and hence the total quantity of
miscanthus grown increases. So, to keep the quantity of miscanthus constant at 100Mt, it must be that an increase in b leads to a decrease in price. The prices in each
scenario are $66.2, $58.3, $50, and $41.6/t, respectively.
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grown for food, as is the case when corn is used for ethanol (Hausman
et al., 2012). One possible advantage of miscanthus over corn-based
ethanol is that farmers may choose to grow it on land not currently used
for food crops. Using fine-scale data on weather, soil, and farmers' land
use decisions in the past, this paper shows the likely geographical dis-
tribution of miscanthus, taking into account competition with existing
crops.
The predictions of miscanthus land use are based on yield from the
BioCro model adapted to miscanthus and the assumption that the de-
sirability of growing miscanthus will be proportional to profit. For ex-
isting crops, we use actual land coverage, which represent farmers' past
decisions, to find predicted crop coverage desirability as a function of
weather and soil. We then combine these two sources of information on
likely land coverage into one model and use it to simulate miscanthus
crop coverage, assuming the production of miscanthus in the six states
along the Mississippi-Missouri River corridor will be 100Mt.
The results show that, in our base case, miscanthus largely occupies
non-food land, and this is true even for miscanthus grown within the
corn states of Illinois and Iowa. For Iowa and Arkansas particularly,
variation in soil quality is the defining characteristic for where mis-
canthus is grown: primarily in lower quality soils. The use of the lower
Mississippi region for miscanthus production is likely a function of the
temperature and moisture environments that are not suitable for the
main crops in this study. In the base case, while we find that miscanthus
potentially has a low requirement for land currently used for corn, soy,
cotton, and rice, we also find that it has a high requirement for land that
is currently in the “other” category: pasture, forest, and grassland. Use
of this land will likely bring environmental costs rather than an increase
in food prices. However, the simulations are quite sensitive to the
quadratic term in yield, which has the interpretation of sensitivity of
cost to yield. As costs decrease more strongly in yield, miscanthus be-
comes more concentrated on the land where it yields most. That land is
largely in the far south.
Returning to the other studies, Khanna et al. (2011), in their Fig. 2,
show that, within our landscape, areas near the Mississippi River are an
important region for growing miscanthus, while the northern part of
Wisconsin is an area where miscanthus is not likely to be grown. Our
results (our Fig. 5) generally agree with their findings. The only dif-
ference is that our paper indicates Mississippi to be the most important
region within our landscape, while Khanna et al. (2011) show little
difference among the states along the Mississippi River. Detailed
quantitative comparison of the results of the two papers is available
upon request. Since our paper and Khanna et al. (2011) share many
parameters, we think that the difference in findings may be due to the
following differences in methodologies. One is that we use a regression-
based approach, in contrast with their use of a process-based approach
for the food crops. The second is that we assume the demand for biofuel
to be met solely by miscanthus, while they assume it to be met by
miscanthus, switchgrass, and crop residual. Specifically, spatial differ-
ence in switchgrass yield plays a role in the miscanthus production si-
mulation in Khanna et al. (2011), while it does not in this study. The
third difference is that to simulate the yield of miscanthus we use a
semi-mechanistic dynamic crop growth and production model, the R
package BioCro, while they use a crop productivity model, MISCAN-
MOD. Comparing Fig. 2a in Khanna et al. (2008) to our Fig. 4, we do see
different simulation results for miscanthus yield from the two models.
Anderson et al. (2012) predicts a generally northern location for
miscanthus. Since this paper and Anderson et al. (2012) are similar in
the econometric modeling, we think that the difference in results may
come from the difference in the prediction methodology. Anderson
et al. (2012) predict crop shares based on characteristics of crop and
land, and the estimated coefficients in a choice model, while we predict
land use proportion based on simulated yield of miscanthus and its
profit function.
Elliot et al.'s (2014) results share with ours the prediction of
southern concentration of miscanthus, but do not agree on eastern Iowa
as an important growing region. We suspect the difference here also
comes from our regression results as opposed to their land allocation
model.
The other models are all equilibrium models, taking account of how
land use change leads to price changes, which in turn lead to more land
use change. The equilibrium effects from growing miscanthus depend
on where it is grown. In our baseline scenario with minimal changes in
major crop coverage, our estimates and equilibrium estimates should be
quite close. If anything, putting our land use model into an equilibrium
model would accentuate the concentration of miscanthus on non-major
cropland because the little bit of cropland taken by miscanthus would
raise crop prices and push miscanthus more off the cropland.
In conclusion, farmers are likely to grow miscanthus on land that is
not currently used for food crops. However, grasslands, pastures, and
forests contain substantial natural values that would be endangered
with a switch to a cultivated crop. In the case of forests, the conversion
process would also entail substantial releases of carbon. This returns us
to the concerns first elucidated in Searchinger et al. (2008) and most
recently evaluated by Elliot et al. (2014), that advanced biofuels will
require carbon-releasing land use change. However, miscanthus bio-
fuels have demonstrated significant potential to mitigate carbon emis-
sion by displacing oil usage (Dwivedi et al., 2015), with potential to
grow even on marginal land (Xue et al., 2016). If room for miscanthus
expansion can be made on land of marginal productivity (Cai et al.,
2010), it can be a potent tool to mitigate climate change. Therefore,
quantifying the environmental costs of miscanthus (or other advanced
biofuels) will be the direction of our future research.
Table 3
Percent change in land use for various prices.
Price= $50/t Price= $70/t Price= $100/t
North South North South North South
(Obs:
26,579)
(Obs:
14,355)
(Obs:
26,579)
(Obs:
143,55)
(Obs:
26,579)
(Obs:
143,55)
Miscanthus 1.68 13.10 38.27 51.58 54.95 65.32
Corn −0.21 −0.22 −6.56 −1.41 −10.79 −2.05
Soy −0.18 −0.36 −5.16 −2.39 −8.54 −3.61
Rice 0.00 −0.06 0.00 −0.85 0.00 −1.41
Cotton 0.00 −0.17 0.00 −0.99 0.00 −1.50
Other −1.29 −12.29 −26.55 −45.95 −35.61 −56.74
Notes: Price= $50/t is the baseline scenario. Land use changes at price of $70/t
and $100/t are simulated by changing price only.
Fig. 8. Supply curves for miscanthus from the four scenarios.
Notes: Parameter b is the coefficient of yield in the average cost function of
growing miscanthus. Parameter k (the scale parameter, see Eq. (7)) is un-
changed across scenarios.
L. Xie, et al. Ecological Economics 161 (2019) 225–236
235
References
Anderson, Soren, Wang, Chenguang, Zhao, Jinhua, 2012. Let Them Eat Switchgrass?
Modeling the Displacement of Existing Food Crops by New Bioenergy Feedstocks.
Working Paper. .
Arundale, R.A., Dohleman, F.G., Voigt, T.B., Long, S.P., 2014. Nitrogen fertilization does
significantly increase yields of stands of Miscanthus× giganteus and Panicum vir-
gatum in multiyear trials in Illinois. BioEnergy Res. 7 (1), 408–416.
Askari, Hossein, Cummings, John T., 1977. Estimating agricultural supply response with
the Nerlove model: a survey. Int. Econ. Rev. 18 (2), 257–292.
Baskerville, G.L., Emin, P., 1969. Rapid estimation of heat accumulation from maximum
and minimum temperatures. Ecology 514–517.
Braulke, Michael, 1982. A note on the Nerlove model of agricultural supply response. Int.
Econ. Rev. 23 (1), 241–244.
Cadoux, S., Riche, A.B., Yates, N.E., Machet, J.-M., 2011. Nutrient requirements of
Miscanthus× giganteus: conclusions from a review of published studies. Biomass
Bioenergy 38, 14–22.
Cai, Ximing, Zhang, Xiao, Wang, Dingbao, 2010. Land availability for biofuel production.
Environmental Science & Technology 45 (1), 334–339.
Chen, Xiaoguang, Huang, Haixiao, Khanna, Madhu, iÖnal, Hayr, 2014. Alternative
transportation fuel standards: welfare effects and climate benefits. J. Environ. Econ.
Manag. 67, 241–257.
Choi, Jung-sup, Helmberger, Peter G., 1993. How sensitive are crop yields to price
changes and farm programs? J. Agric. Appl. Econ. 25, 237–244.
Christian, D.G., Riche, A.B., Yates, N.E., 2008. Growth, yield and mineral content of
Miscanthus× giganteus grown as a biofuel for 14 successive harvests. Ind. Crop.
Prod. 28 (3), 320–327.
Clifton-Brown, J.C., Breuer, J., Jones, M.B., 2007. Carbon mitigation by the energy crop,
Miscanthus. Glob Chang Biology 13, 2296–2307.
Dwivedi, Puneet, et al., 2015. Cost of abating greenhouse gas emissions with cellulosic
ethanol. Environmental Science & Technology 49.4, 2512–2522.
Elliot, Joshua, et al., 2014. A spatial modeling framework to evaluate domestic biofuel-
induced potential land use changes and emissions. Environ. Sci. Technol. 48,
2488–2496.
Elshout, P.M.F., et al., 2015. Greenhouse gas payback times for crop-based biofuels. Nat.
Clim. Chang. 604–610.
Gomez-Casanovas, Nuria, Tara W. Hudiburg, Carl J. Bernacchi, William J. Parton, and
Evan H. DeLucia. "Nitrogen deposition and greenhouse gas emissions from grass-
lands: uncertainties and future directions." Glob. Chang. Biol. 22, no. 4 (2016):
1348–1360.
Hausman, Catherine, 2012. Biofuels and land use change: sugarcane and soybean acreage
response in Brazil. Environ. Resour. Econ. 51 (2), 163–187.
Hausman, Catherine, Auffhammer, Maximilian, Berck, Peter, 2012. Farm acreage shocks
and food prices: an SVAR approach to understanding the impacts of biofuels. Environ.
Resour. Econ. 53 (1), 117–136.
Heaton, Emily A., Dohleman, Frank G., Long, Stephen P., 2008. Meeting US biofuel goals
with less land: the potential of Miscanthus. Glob. Chang. Biol. 14 (9), 2000–2014.
Himken, M., Lammel, J., Neukirchen, D., Olfs, H., 1997. Cultivation of Miscanthus under
West European conditions: seasonal changes in dry matter production, nutrient up-
take and remobilization. Plant Soil 189, 117–126.
Huang, Haixiao, Khanna, Madhu, 2010. An econometric analysis of US crop yield and
cropland acreage: implications for the impact of climate change. In: AAEA Annual
Meeting, pp. 25–27 Denver, Colorado.
Hudiburg, Tara W., Davis, Sarah C., Parton, William, Delucia, Evan H., 2015. Bioenergy
crop greenhouse gas mitigation potential under a range of management practices.
GCB Bioenergy 7 (2), 366–374.
Keymer, Daniel P., Kent, Angela D., 2014. Contribution of nitrogen fixation to first year
Miscanthus× giganteus. GCB Bioenergy 6 (5), 577–586.
Khanna, Madhu, Dhungana, Basanta, Clifton-Brown, John, 2008. Costs of producing
miscanthus and switchgrass for bioenergy in Illinois. Biomass Bioenergy 32 (6),
482–493.
Khanna, Madhu, Chen, Xiaoguang, Huang, Haixiao, Onal, Hayri, 2011. Supply of cellu-
losic biofuel feedstocks and regional production pattern. Am. J. Agric. Econ. 93 (2),
473–480.
Lobell, David B., Banziger, Marianne, Magorokosho, Cosmos, Vivek, Bindiganavile, 2011.
Non-linear heat effects on African maize as evidenced by historical yield trials. Nat.
Clim. Chang. 1 (1), 42–45.
Miguez, Fernando E., Zhu, Xinguang, Humphries, Stephen, Bollero, German A., Long,
Stephen P., 2009. A semi-mechanistic model predicting the growth and production of
the bioenergy crop Miscanthus× giganteus: description, parameterization and vali-
dation. GCB Bioenergy 1 (4), 282–296.
Miguez, Fernando E., Maughan, Matthew, Bollero, Germn A., Long, Stephen P., 2012.
Modeling spatial and dynamic variation in growth, yield, and yield stability of the
bioenergy crops Miscanthus× giganteus and Panicum virgatum across the con-
terminous United States. GCB Bioenergy 509–520.
National Academy of Sciences, 2011. Renewable Fuel Standard: Potential Economic
Effects of U.S. Biofuel Policy. Washington, DC. .
Nerlove, Marc, 1956. Estimates of the elasticities of supply of selected agricultural
commodities. Journal of Farm Economics 38 (2), 496–509.
Nerlove, Marc, Bessler, David A., 2001. Expectations, information, and dynamics. In:
Handbook of Agricultural Economics. vol. 1. pp. 155–206.
Rosburg, Alicia, Miranowski, John, 2011. An economic evaluation of US biofuel expan-
sion using the biofuel breakeven program with GHG accounting. AgBioForum 14 (3),
111–119.
Schlenker, Wolfram, Roberts, Michael J., 2009. Non-linear temperature effects indicate
severe damages to US crop yields under climate change. Proc. Natl. Acad. Sci. 106
(37), 15594–15598.
Scown, Corinne D., et al., 2012. Corrigendum: lifecycle greenhouse gas implications of US
National Scenarios for cellulosic ethanol production. Environ. Res. Lett. 7 (1), 9502.
Searchinger, Timothy, et al., 2008. Use of US croplands for biofuels increases greenhouse
gases through emissions from land use change. Science 31 (5867), 1238–1240.
Somerville, Chris, et al., 2010. Feedstocks for lignocellulosic biofuels. Science 329 (5993),
790–792.
Taheripour, Farzad, Tyner, Wallace E., Wang, Michael Q., 2011. Global Land Use Changes
Due to the US Cellulosic Biofuel Program Simulated With the GTAP Model. Argonne
National Laboratory. http://greet.es.anl.gov/files/luc_ethanol.
Train, Kenneth E., 2009. Discrete Choice Methods with Simulation. Cambridge University
Press.
United States Court of Appeals for the District of Columbia Circuit. American Petroleum
Institute v. EPA.
Xie, Lunyu, Sarah M. Lewis, Maximilian Auffhammer, and Peter Berck. "Heat in the
heartland: crop yield and coverage response to climate change along the Mississippi
River." Environ. Resour. Econ., (2018). https://doi.org/10.1007/s10640-018-0271-7.
Online.
Xue, Shuai, Lewandowski, Iris, Wang, Xiaoyu, Yi, Zili, 2016. Assessment of the production
potentials of Miscanthus on marginal land in China. Renew. Sust. Energ. Rev. 54,
932–943.
Table 4
Land use change for four scenarios each producing 100Mt of miscanthus.
Panel A Scenario 1: b= 0 Scenario 2: b= 0.175 Scenario 3: b= 0.35 Scenario 4: b=0.525
Thousand ha North South North South North South North South
Miscanthus 1647.84 2658.65 709.17 3106.64 593.92 3152.33 521.60 3188.22
Corn −139.53 −39.72 −90.84 −50.34 −75.62 −51.48 −64.18 −51.80
Soy −83.66 −69.14 −75.18 −84.69 −64.77 −85.60 −55.31 −85.19
Rice 0.00 −12.80 0.00 −14.66 0.00 −13.98 0.00 −13.53
Cotton 0.00 −29.18 0.00 −38.36 0.00 −39.95 0.00 −40.02
Out −1424.65 −2507.81 −543.15 −2918.59 −453.53 −2961.33 −402.11 −2997.68
Panel B: Scenario 1: b= 0 Scenario 2: b= 0.175 Scenario 3: b= 0.35 Scenario 4: b= 0.525
Shares (%) North South North South North South North South
Miscanthus 4.49 11.12 1.98 12.94 1.68 13.10 1.50 13.22
Corn −0.37 −0.17 −0.25 −0.21 −0.21 −0.22 −0.18 −0.22
Soy −0.22 −0.29 −0.21 −0.36 −0.18 −0.36 −0.16 −0.36
Rice 0.00 −0.06 0.00 −0.06 0.00 −0.06 0.00 −0.06
Cotton 0.00 −0.12 0.00 −0.16 0.00 −0.17 0.00 −0.17
Out −3.90 −10.48 −1.53 −12.15 −1.29 −12.29 −1.16 −12.42
Notes: Scenarios are calibrated to produce 100Mt miscanthus by reducing price as b (the relationship parameter between yield and average cost in the cost function
of producing miscanthus) is increased.
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